Abstract: Utilization of satellite data by means of remote sensing practices creates a wider window of opportunities to conduct robust outcomes Landsat OLI-8 data acquired over the peninsula of Halkidiki in Greece for the summer period of 2013, were analyzed to determine their utility to classify natural resources categories based on the determination of spectral bands combination. Consequently, spectral bands combination can be used to classify various categories based on their higher overall accuracy assessment. Spectral information contained in each of the utilized channels of Landsat OLI-8, statistics defining 12 cover type classes of interest were calculated and used as a basis for classification of the designated study area. Spectral bands combinations (4-5-6/ 3-4-5/ 3-4-5-6/ 4-5-6-7) fulfill the required accuracy for forest purpose as they conducted overall accuracies ranging between 7.85% and 96.29%. The spectral band combination 3-4-5-6-7 conducted the highest overall accuracy (98.15%). The poorest results were obtained by the analysis of spectral bands combination 4-6 (68.52%). Single spectral band 6 conducted the best overall results; however, spectral bands 5 and 6 seemed to be the most useful spectral bands combination for each category.
Introduction
The general term of image processing is to extract information either with no interference with the observed data (image preprocessing) and/or with adequate interference to improve the results concerning the observed phenomena [1, 2] . The most common practice in image processing is to recognize a pattern. Tou and Gonzalez [3] has defined pattern recognition as the categorization of input data into identifiable classes, via the extraction of significant features or attributes of the data from background irrelevant details [4, 5] .
The first step in the analysis sequence involves the selection of data samples from which the computer may drive the necessary statistical parameters for the "training" of the classification algorithm [6, 7] . The training samples are based on "ground truth" information. This means that the used categories are defined based on the separability index [8, 9] .
There are two major approaches, the unsupervised and the supervised model. The unsupervised model is useful when the spectral info is not identified [10] . An important criterion for clustering is the minimization of the sum of square error for determining the spectral class composition of the data, prior to detailed analysis by the method of supervised classification [2, 11] . Supervised classification assumes that each spectral class can be described by the probability distribution in the multispectral space; this will be a multivariate distribution with many variables as dimensions of space [12, 13] .
Classification costs increase by the number of features which are used to describe pixel vectors in a multispectral space e.g. "with the number of spectral bands associated with a pixel" [14, 15] . Each class has a statistical spread associated with it, through the data point in each spectral band. As such probability distributions, can overlap, to greater or lesser extent; the class separability becomes a function of both the separation of the means and the statistical distribution of data points, within each class, for each dimension [8, 16] .
Each of OLI-8 spectral bands can potentially contribute to the multispectral land cover classification. Although, there is a redundancy of information due to high inter-spectral band correlation [17] . Two basic approaches are used to identify subsets of spectral bands, which might be suitable classification of the multispectral data. These are separability analysis and evaluation of eigenvector and eigenvalue data derived from class statistics [18, 19] . There are several measures of separability available to predict best spectral bands combination for classification which are based on measurements of the statistical distance between spectral classes of interest [20] [21] [22] .
According to Gausman et al. [23] , the wavelength of 0.68, 0.85, 1.65 and 2.20 µm is useful for monitoring vegetation. Lathrop et al. [24] reported that the most informative spectral intervals for monitoring for natural materials were 0.54-0.56, 0.66-0.68 and 0.78-0.82 µm. Many researchers are trying to evaluate the best single or combination of spectral bands for displaying, mapping and classifying forest lands [25] .
Murtha and Watson [26] stated that a combination of spectral bands, primarily TM 5 and 6 are required for the interpretation and mapping forest clear cuts. Coggeshall and Hoffer [27] verified that at least one spectral band in the near infrared or middle infrared is necessary to accurately discriminate broadleaf and conifers forests. Spanner et al. [4] using principal component analysis found that the four optimal spectral bands of the Thematic Mapper Simulator (TMS) data for forest vegetation analysis, over a Northern Idaho study site, were the near infrared (TMS4), thermal infrared (TMS6), mid-infrared (TMS5) and red (TMS3). Latty and Hoffer [1] , using average transformed divergence, found the highest separability between South Carolina forest classes in four spectral bands subset consisting of TM 1, −3, −4 and 5. They noted that such waveband selection results were "highly data and application dependent". Duda et al. [28] pointed out that beyond a certain point the inclusion of additional features leads to worse rather than better performance. Nelson et al. [1] using stepwise discrimination analysis of TMS data, appeared to provide forest classification accuracies that are not significantly different from similar scholarly work [29, 30] .
The main purpose of the study is to increase the knowledge about the use of satellite data in vegetation ecosystems. More specifically the objective is to determine the spectral bands combination that gives the highest overall accuracy that can be used for better classification of various categories of typical Mediterranean land cover.
Materials and Methods

Study Area
The study area is the peninsula Sithonia of the prefecture of Halkidiki (Figure 1 ). Study area selection was based on the fact that the designated study area belongs to a typical Mediterranean ecosystem. Therefore, most of the major forest cover types found in Greece are presented in the area [31] [31, 32] . On the east side of Sithonia, where silicate rocks predominate, and the soils are acidic, shallow, with numerous rocks and littler fertility. On these soils, the stand of Aleppo pine of Stone pine (Pinus pinea) and Black pine (Pinus nigra) have been developed [33] . The understory is composed of acidfriendly bushes of Ericaceae (tree-heath and strawberry tree) and Cistaceae family. On non-silica soils, the maquis has been developed. Moreover, the development of Aleppo pine on such soils is quite better in contrast to the Stone pine [2, 34] .
Data Acquisition
Landsat OLI-8 image was acquired on the 30 th of April 2013. It has a nominal center path of 183 and row of 32 according to the Worldwide Reference System. During the processing of the image, Landsat OLI-8 band 1 and the thermal spectral bands were excluded. Spectral band 1 has been omitted because it is highly correlated with spectral band 2, and it's affected by the atmospheric haze [16, 35] . Thermal spectral bands were excluded from further analysis because they give poor classification results due to their coarse spatial resolution and lack contrast [3, 36, 37] Field observations have been done during the spring of 2013. The most serious part of the field observations was the accurate recognition of the training sites in the field, in the analog photographs and afterward in the digital images.
Development of the classification scheme
The classification system proposed by Bonazountas et al. [38] has been used for this study. it has been properly adjusted to the Coordination of Information on the Environment "CORINE" Land Cover System ( 
Compilation of classification procedures
Unsupervised classification
An unsupervised classification is an analytical procedure based upon clustering, using different algorithms. The whole image of the study area has been segmented into 12 spectral categories. Various techniques have been used to get more detailed information. in this study we applied the Optimum Index Factor (OIF). The algorithm used to compute OIF for any subset of spectral bands is following Chavez et al. [39] :
Where: s k = is the standard deviation from spectral band k. r j = is the absolute value of the correlation coefficient between any of the two spectral bands being evaluated. The spectral bands combination with the largest OIF has the most information, as measured by variance, with the least amount of duplication, as measured by correlation [40, 41] . 
Supervised classification
A supervised classification is described by the potential distribution of each class in the multispectral dimension. Therefore, ti's will be a multivariable distribution with as many variables as the dimensions of the data [42] . A multidimensional normal distribution is described as a function of vector location in multispectral space by the following algorithm of Richards and Richards [12] :
Where: x = is a vector location is N-dimensional pixel space. m = is the mean position of the spectral class. ∑︀ = is the covariance matrix of the distribution, which describes its spread directionally in the pixel space.
If m and ∑︀ are known for every spectral class in the image, every pixel can be examined and categorized in the most likely class, based on the probabilities computed for the location. In this study, the maximum likelihood classifier has been used, because of its higher accuracy [43, 44] .
To do this, an assumption is made that the cloud points forming the category training data is normally distributed [45, 46] . The position of the pixel points in a multispectral space can be described by vectors, whose components are the individual spectral responses in each spectral band. The mean position of the pixels in space is defined by the expected value of the pixel vector "x" according to Richards and Richards [12] :
Where: m = mean pixel vector. X j = individual pixel vectors of total number K. E= expectation operator. It is of value to have available a means by which the mean vector defines the average position of the pixels in multispectral vector space. This is the role of the covariance matrix which is defined as:
Where: t = denote vector transpose. The covariance matrix is one of the most important mathematical concepts in the analysis of multispectral remote sensing data [47] . So, if there is a correlation between the responses in a pair of spectral spectral bands, the corresponding off-diagonal element in the covariance matrix will be large by comparison to the diagonal terms. On the other hand, if there is a little correlation, the off-diagonal terms will be close to zero [48] .
Accuracy assessment
The final step in the digital image analysis is the evaluation of the accuracy of the classification results. These results are expressed in tabular form are known as a confusion matrix. The statistical analysis presents the accuracy and the misfire of the classification based on the ground truth observations. A distinction is made between errors of omission and errors of commission. Errors of omission corresponded to those pixels belonging to the class of interest that the classifier has failed to recognize, whereas errors of commission are those that corresponded to pixels from other classes that the classifier has labeled as belonging to the class of interest [49] . The omission refers to columns of the confusion matrix, whereas the commission refers to rows.
The following diagram simplifies the methodological framework adopted in the current research study as it's illustrated in Figure 3 . 
Results and discussion
Unsupervised and supervised procedures based on the spectral bands combinations have been used for the classification of twelve categories in Sithonia peninsula. The unsupervised classification showed low overall accuracy while the supervised showed acceptable overall accuracy for forest purposes. Spectral bands combinations were used for the best discrimination amongst the individual categories.
Once the training fields had been identified, there were grouped according to cover classes. The cover class groups of training fields were then individually clustered to resolve the cover classes into a set of spectral classes. The identified percentages of the quotient classified classes were demonstrated in Figure 4 .
The unsupervised classification based on the Iterative Self-Organizing Data Analysis Technique (ISODATA) algorithm was performed using different spectral bands combinations. Table 1 shows the analysis of the classification results based on OIF that were produced. The evaluation of different spectral bands combinations is shown in Figures 5, 6 , 7 and 8. In Figure 9 , the best spectral bands combinations, based on OIF for the designated study area was reported. Maximum likelihood supervised classification was performed using the best spectral bands combinations based on OIF is shown in Figure 10 .
The overall accuracy and the one for each individual category were calculated for each set of analyzed data. This was achieved by using test fields in the study area and random sampling procedure. In this phase, 270 test sites were visited and the data were entered in confusion matrices. This type of representation enables to estimate the omission and commission errors and the overall accuracy of each category of the study area. The results of the overall accuracy are shown in Figure 11 .
The overall accuracy assessments ranged from 68.52% to 98.15% and were considered reasonable for forestry purposes by Congalton [49] and Congalton and Green [10] . When spectral bands combination 3-5 (Table 1) was used, the overall accuracy was the lowest (68.52%). The category of conifers was classified with an accuracy ranging from 62.86% (Pinus nigra) to 84.44% (Pinus halepensis). Also, there were misclassification errors between the categories of Pinus halepensis and Pinus nigra and mixed conifers, maquis and maquis + rocks, range and agriculture, sand and urban areas, range and maquis according to the statistical separability index. This combination gave the lowest producer's accuracy for the categories of Pinus nigra, maquis + rocks and range (62.86, 46.67 and 54.84 respectively) amongst various spectral bands combinations. Most of the forest categories were classified with user's accuracy of less than 80% as the category of maquis showed the lowest accuracy (46.67%).
The spectral bands combination 3-7 (Table 2) gave an overall accuracy of 71.11%. Only a little lower than the spectral bands combinations 3-4-5-6 (71.85%). In this combination, the categories of Pinus halepensis and maquis, Pinus nigra and mixed conifers, olive trees, and agriculture gave the highest misclassification errors with the lowest producer's accuracy amongst the other spectral bands combinations. The user's accuracy was not satisfactory for 50% of the categories, except the categories of Pinus halepensis (90.48%), maquis + rocks (85.00%), broadleaf's (93.33%), range (80.00%), urban areas (94.44%) and water (100.00%).
The spectral bands combination 4-6 (Table 3 ) gave the second lowest accuracy assessment. Misclassification errors appeared between the categories Pinus Halepensis and maquis, olive trees and agriculture, sand, and urban areas. The categories of the maquis, broadleaf's and sand were classified with the lowest accuracies of the various spectral bands combinations. The user's accuracy was satisfactory only for 42% of the categories (Pinus nigra, broadleaf's, range, urban areas, and water).
The spectral bands combination 3-4-5 (Table 4 ) gave overall accuracy (88.52%) while the classification errors appeared between the categories of sand and urban areas, olive trees and agriculture. The category of broadleaf gave the highest producers accuracy (100.00%) as the same percentage appeared with spectral bands combination 4-5-6 and 3-4-5-6-7. The user's accuracy was satisfactory for 42.00% pf the categories but it is noticeable that the categories of conifers gave user's accuracy between 93.48% (Pinus halepensis) and 97.96% (mixed conifers), which is satisfactory for forest purposes [17] .
The spectral bands combinations 4-5-6 (Table 5 ) gave an overall accuracy of 96.29%, a little lower than the spectral bands combinations 3-4-5-6-7 (98.15%). The categories of mixed conifers, maquis, maquis + rocks, broadleaf, urban areas, and sand gave the highest procedure's accuracy among the various spectral bands combinations. Most (83.33%) of the categories gave user's accuracy more than 89% which is satisfactory [6, 19] .
The spectral bands combinations 3-4-5-6 (Table 6 ) gave almost the same overall accuracy as spectral bands combination 3-7 (71.85 and 71.11 % respectively). Classification errors appeared between the categories of maquis and maquis + rocks, urban areas, and agriculture. The category urban areas gave the lowest producer's accuracy amongst the various spectral bands combinations. The spectral bands combination 4-5-6-7 (Table 7 ) gave higher accuracy than the spectral bands combination 3-4-5-6 (75.18 and 71.85% respectively). Classification errors appeared between the categories of maquis and maquis + rocks, agriculture and olive trees.
The spectral bands combination 3-4-5-6-7 (Table 8 ) gave the highest overall accuracy (98.15%). The categories of Pinus halepensis, Pinus nigra, mixed conifers, maquis, broadleaf's, range, olive trees, agriculture, and sand gave the highest producer's accuracy amongst the various spectral bands combinations.
Results from the analysis indicated that all the three spectral regions are suitable for forest cover classification and mapping [13, 34] . The combination of the visible spectral bands with the near and middle infrared bands give more accurate mapping results [8, 24] .
The visible range of the spectrum seemed separating forests from other categories, but differentiating results broadleaf and coniferous forests [1, 9] . The near and middle infrared give quite satisfactory results in separating the two forest categories from each other (Pinus halepensis and Pinus nigra), with some failures between the broadleaf's stands and the range [16, 18] (Figure 12 ).
Conclusions
Some authors claim to achieve better results with supervised than an unsupervised classification [7, 50] . It is easier to delineate well-defined classes by appropriately supervising techniques, but this requires a certain familiarity with the region. For areas, as large and complex as this study area, an unsupervised method must be used initially to obtain an indication of the spectral variability of the various categories. Once the unsupervised classification gives a general knowledge of the study area, then the supervised classification will yield greater accuracy in separating forest types, which most of the time have reflectances values close to each other. By utilizing the visible, near and mid-infrared parts of the electromagnetic spectrum gave an overall accuracy more than 98.10% can be achieved. High classification accuracies ranging from 82.61% to 98.15% for the Pinus halepensis category resulted from the analysis of the various spectral bands combination. For the category of Pinus nigra, the classification overall accuracy ranged between 62.86% and 96.77% while the mixed conifers between 57.14% and 95.45%. The category of maquis can be classified and mapped with accuracies ranging from 72.22% to 100%; the category of maquis + rocks lead to misclassification results, due to the presence of different amount of rocks which affected the spectral behavior of this category. The broadleaf's classified, with overall accuracy ranging between 52.63% and 100%. The range category can be classified with accuracies ranging from 54.84% to 96.15%; the lower limit was due to classification errors between this category and maquis category, as in Sithonia there are not improved pasture, but only degraded forested lands where maquis predominate. The olive trees and agriculture categories lead several times to classification errors, due to the similar spectral responce. The agricultural lands showed the lowest overall accuracy (40% in spectral bands combination 3-7). The category sand showed the lowest accuracy (40%) in spectral bands combination 3-5 and 4-6.This category was confused with the category of urban areas due to the course resolution of the image (mixed pixel).. Water, on the contrary, was classified with the highest accuracy (100%). Finally, it seems that, spectral bands 3-4-5-6-7 are the most suitable for forest inventories. It should be noticed that more detailed inventory during the development of the training sites should have been done because the classification proved the presence of broadleaf's in ravines, where no training data were collected.
